introduCtion
Although much attention has been given to development of quality measurement systems such as HEDIS ® and more recently physician-centered quality measures being developed by the National Center for Quality Assurance (NCQA), CMS, and the American Medical Association, comparatively little research has focused on the problem of building composite measures of health care service quality from discrete and seemingly unrelated measures of clinical quality. This article tackles the problem of constructing a credible unidimensional composite HMO quality scale from cross-sectional HEDIS ® scores reported by commercial HMOs in calendar year (CY) 1999. Evidence is uncovered that composite subscales by categories of care and a unidimensional composite HEDIS ® quality measure are feasible.
BaCkground
The quality of medical care is likely to have many possible dimensions, but it is conceivable that the quality of medical care rendered by an HMO may also have an organizational dimension, reflecting a common approach across all types of medical care (Wholey et al., 2003) . If a plausible summary measure of overall HMO output quality could be developed, it is likely to be useful to many actors: employers assembling sets of health plan choices to offer employees, consumers faced with health plan choices, HMO regulators needing a way to screen firms for regulatory attention, and researchers in need of quality variables to add a quality dimension to models of HMO behavior, e.g., in a model of HMO costs like the CMS risk-adjustment model. Some research concerning composite health care quality measures has taken place ancillary to studies of consumer choice of health plans in which researchers have sought to determine whether consumers actually use quality information that is provided to them. The literature on consumer choice of health plans usually includes quality variables in binomial or
The author is with the Centers for Medicare & Medicaid Services (CMS) . The research in this article was supported in part by the Agency for Healthcare Research and Quality under Grant Number 1 R03 HS11515-01. The statements expressed in this article are those of the author and do not necessarily reflect the views or policies of the Agency for Healthcare Research and Quality or CMS. multinomial logit models of utility maximization (Chernew and Scanlon, 1998; Scanlon and Chernew, 1999; Feldman, Christianson, and Schultz, 2000; Chernew, Gowrisankaran, and Scanlon, 2001; Scanlon et al., 2002) . Recent work by Chernew et al. (2003) that investigates employer decisions about which health plans to offer employees contains a good example of how researchers have used limited amounts of HEDIS ® data to construct a quality variable by rolling several HEDIS ® variables together and thereby obtaining a quality construct usable as a regressor to represent quality in a more general regression model. This literature does not address measurement properties of the quality measures that are implemented, and the measures implemented appear to be simply the best available proxy for the construct the researchers wished to include in their models of consumer behavior. The most sophisticated HMO-level output quality scales so far reported have been constructed by researchers whose primary objective was to construct composite scales that might eventually be disseminated to consumers (Lied et al., 2002; Zaslavsky et al., 2002) . Both of these studies relied on a single year of quality data taken from Medicare+Choice health plans. Lied and colleagues constructed a composite HEDIS ® score for each health plan in a cross-section of Medicare+Choice plans by averaging percentile scores for 17 indicators chosen primarily from available HEDIS ® effectiveness of care measures. Zaslavsky and colleagues used factor analysis to reduce 20 quality measures, consisting of 12 HEDIS ® and 8 consumer satisfaction CAHPS ® measures, into 4 interpretable constructs that explained 65 percent of the variance across all measures. The four constructs (office care, access/customer service, vaccinations, and clinical quality) were then used to create averaged scales that exhibited good evidence of internal consistency. In each case Cronbach's (1951) alpha statistics computed to test the composite scales returned evidence of internal consistency, an alpha score of 0.88 for the scale constructed by Lied and colleagues, and alpha scores ranging from 0.86 to 0.96 for the scales constructed by Zaslavsky and colleagues.
These studies adopted different approaches to handle the problem of missing quality data, a significant obstacle to the construction of composite scales. Lied and others dropped 10 percent of the observations in their original sample when quality reporting was very limited or suspect. Only 64 of 160 remaining observations reported all 17 of the HEDIS ® measures, and the mean number of reported measures in their final sample was 13.58 per observational unit. Each HMO's composite quality score was thus actually an average of its percentiles for the HEDIS ® indicators that it happened to report. To avoid losing HMO-level HEDIS ® observations, Zaslavsky and others used procedures to impute missing HEDIS ® scores, employing as predictor variables other reported HEDIS ® scores for HMOs that did report the measure to be imputed and also special dummy variables keyed to patterns of missing variables in each included observation. This imputation method generated complete sets of HEDIS ® measures that could then be used to compute factor analysis results. Although variances for observations with many imputed values were indeed larger than for observations with few missing HEDIS ® scores, the effect of larger variances seemed to be muted when measures were standardized and averaged into composite measures.
In different ways both studies grappled with evidence that quality of care is multidimensional. When Lied's group subjected their data to factor analysis, the researchers found evidence that the variance in the HEDIS ® measures decomposed into three components rather than the single component scale that they had constructed, a result conceivably related to having disproportionately many measures from particular categories of medical care. For example, 6 of the 17 measures pertained specifically to diabetes care. Zaslavsky's group encountered a similar problem as a result of factor analyzing data from HEDIS ® and CAHPS ® together; the four factor structure that they uncovered is diffuse in its range, and it generally appears that HEDIS ® and CAHPS ® measures contribute to different factor loadings.
Thus, recent quality scaling work using HEDIS ® data encountered difficulties when researchers used conventional scaling techniques to convert multiple measures into a smaller number of quality-related variables. Gaps in reported quality scores present a fundamental problem because algorithms needed to estimate factor analytic models require complete data with no missing values in any of the observations used. Imputation of missing values is unavoidable if the sample is to include the broadest possible set of HMOs.
Indiscriminate inclusion of all raw HEDIS ® performance measures in a single factor analytic model may complicate identification of a unidimensional underlying organizational-level quality scale. As previously noted, the studies that have implemented factor analysis of HEDIS ® data have included all available variables in the same factor analysis with disproportionate numbers of variables for certain disease categories such as diabetes.
An alternative approach is to implement a second-order factor model by first using HEDIS ® variables to create subscales by categories of care (e.g., diabetes, women's care, childhood immunizations, etc.) and then using category-of-care subscales in an exploratory factor analysis intended to uncover underlying quality constructs at the health plan level (McArdle, 1980; Hershberger, 1994; Kline, 2005) . Availability of CAHPS ® survey results also makes it feasible to consider evidence for the external validity of a composite HEDIS-based HMO quality scale.
This article reports implementation of a two-stage approach to composite scaling of HEDIS quality data together with evidence for the internal consistency and external validity of the resulting unidimensional quality scale.
data and data Preparation
Data available for this study included 31 HEDIS ® process of care and outcome measures designed and collected by NCQA from 380 HMOs concerning medical care provided to under age 65 commercial subscribers in CY 1999 . The insured population covered by the reporting HMOs represented almost the entire under age 65 non-Medicaid, non-Medicare population that received its health care through HMOs in CY 1999. A list of the HEDIS ® measures with descriptive statistics appears in Table 1 . All of the measures are interval measures suitable for factor and correlation-based analysis and normality plots indicate that the measures appear to be normally distributed.
Reporting of HEDIS ® measures by HMOs was often incomplete, though less incomplete than was the case in the study by Zaslavsky and others that also employed multiple imputation methods for missing data. Almost all HEDIS ® measures in the data set had missing values, but the problem is most acute for the the battery of measures for asthma first introduced in the measurement year. Multiple imputation techniques using algorithms packaged in SAS ® Proc MI and Proc MIANALYZE were employed to maintain the range of measures needed for the construction of a broad-based composite quality measure. The imputation algorithms assume that data are missing at random (MAR), which means that the value of a missing score is assumed independent of the likelihood that the score will be missing (Rubin, 1976 (Rubin, , 1987 (Rubin, , 1991 Allison, 2002; SAS Institute, 1999) . If the MAR assumption is satisfied, multiple imputation methods lead to estimates that are approximately unbiased and efficient, with standard errors that take into account variance added by imputation (Allison, 2002) .
Implementation of multiple imputation methods occurs in two stages. First, the imputation algorithm is used to generate multiple versions of the data that is to be analyzed, with each version having its own randomly assigned values for missing scores. Second, another algorithm uses the multiple versions of the data to compute a single set of relevant statistics with adjusted standard errors. Where, as here, correlations between measures are needed for factor analysis, a SAS-supplied variant of the algorithm is employed in order to correct for bias that would otherwise be present due to skewness of the distribution of sample correlation coefficients (SAS Institute, 1999) . In accord with the research strategy of generating a set of quality scales by categories of care and then using those scales to build a composite scale, multiple imputation methods were implemented separately for each battery of care measures: diabetes, heart, asthma, mental health, women's care, childhood immunization, and adolescent immunization. When an HMO had not reported values for a given battery of care measures, no imputation of values for that HMO for the battery of care occurred and that observation was ignored in constructing a scale for the battery of care. Once category of care scales had been constructed, multiple imputation was used again to fill in missing scales before proceeding with construction of the quality composite. Each implementation of multiple imputation methods employed the Markov Chain Monte Carlo method for imputing values for arbitrary nonmonotone missing value patterns. Where missing data patterns were monotone, alternative imputation algorithms capable of exploiting the presence of monotonicity were implemented, but use of alternative algorithms for multiple imputation did not affect subsequent analysis.
Data available for external validation of HEDIS-based composite scales consisted of CAHPS ® survey data for CY 1999 collected by NCQA from 361 out of the 380 HMOs that reported HEDIS ® data. Specifically, for each of six CAHPS ® composite measures for each HMO, the total percentage of respondents who gave their HMO a satisfactory or good rating was available. Depending on the CAHPS ® composite this was the the percentage of respondents who said they were not having a problem or the percentage who said they were usually or always encountering the care or behavior covered by the CAHPS ® composite.
Methods of analysis
The methods of analysis consisted of exploratory factor analysis, summated scale construction and testing, and linear regression. Factor analysis was used to identify grounds for data consolidation through scale construction. Summated scales by categories of care and finally as a composite of the category of care scales are the principal output of the study and their internal consistency was validated using the Cronbach's (1951) alpha statistic. Linear regression was used to evaluate the external validity of the final composite quality of care scale by examining its relationship with CAHPS ® survey results.
As in prior studies that have sought to reduce the dimensionality of HEDIS ® health plan quality data, exploratory factor analysis was used to identify the component or components of variance common to multiple HEDIS ® measures. Factor analysis is a statistical technique that originated in the field of psychometrics, but is used widely in social science research. The method seeks to explain the variation of observed random variables in terms of a smaller set of unobserved random variables, known as factors (Nunally and Bernstein, 1994) . Algorithms that implement factor analysis model observed variables as the linear combination of unobserved variables and a random error term.
A matrix of correlations between observed variables is sufficient to compute a factor analysis model. As previously noted, the skewness of the distribution of sample correlations was taken into account in assembling correlation matrices for factor analysis. Confidence intervals for each correlation in each matrix were also available, making it feasible in each case to compute models for low-and high-range correlations as well as for set of estimated correlations. In this way it was possible to verify that results did not vary substantially within the range of the confidence intervals for the correlation matrices.
The output of a factor model is a set of loadings or factor pattern which is the set of estimated coefficients that would be applied to unobserved variables to produce the observed variables. In each case the factor pattern was analyzed by standard procedures (Nunally and Bernstein, 1994) . A HEDIS ® measure was deemed to have a significant loading if it had a single loading on a single unobserved variable with an absolute value equal to or exceeding 40 percent and no significant loading on any other unobserved variable. Varimax (orthogonal) and promax (oblique) rotation methods were employed to enhance interpretability of factor patterns when the factor solution indicated that more than a single unobserved factor could be present. In multifactor situations, the meaning of each factor (each column in a factor pattern) was inferred from the pattern of meaning implied by the HEDIS ® measures having significant loadings on that factor (Nunally and Bernstein 1994) .
Summated scales were constructed based on the results of the exploratory factor analyses. As the term summated scale implies, such scales are constructed by summing the items that make the scale (Nunally and Bernstein, 1994; Spector, 1992) . Measurement theory behind summated scale construction postulates that error terms associated with each variable included in a scale should cancel out due to their randomness, permitting the true value of the construct to be revealed. The theory behind summated scales also implies that the variables making up a scale should be highly correlated with each other, and this intuition lies behind Cronbach's (1951) alpha, the standard test statistic for evaluating the internal consistency of summated scales (Spector, 1992; Hatcher, 1994) . Generally, the alpha statistic will increase as the correlation between variables increases and the number of variables included in the scale increases. By convention, an alpha statistic equal to 0.7 is deemed minimally adequate evidence of internal consistency for a summated scale, though obviously the closer that the alpha statistic is to one, the stronger the evidence of internal consistency.
External validity of composite quality scales was investigated with linear regressions each of which used a composite quality scale as the dependent variable and a set of CAHPS ® survey results as regressors. The set of regressors consisted of the six CAHPS ® composites that involve aspects of health plan performance: (1) getting needed care, (2) getting care quickly, (3) physician communication, (4) staff courtesy, (5) customer service, and (6) claims processing. The presence of significant coefficients in the regression and the presence of explanatory power in the regression would be interpreted as evidence supporting the hypothesis that both HEDIS ® and CAHPS ® are measuring the same unobservable factor: health plan quality.
reSultS
To document continuity with prior research results, an all measures factor analysis similar to the factor models in previous measurement studies of HEDIS ® data included all of the 31 HEDIS ® process of care measures, and as in those studies, the all measures model pointed to a multidimensional factor solution whose pattern on promax rotation is shown in Table 2 . The factor pattern was interpreted variable by variable in accord with the rule previously described, looking for variables that have a strong loading (absolute value of a loading > 40 percent) on a single unobserved factor. All immunization variables loaded strongly and exclusively on the second factor, as did the variable for controlling blood pressure. All diabetes and mental health variables along with some women's health and coronary care variables loaded strongly and exclusively on the first factor. Only asthma care variables loaded strongly and exclusively on the third factor.
The factor pattern for the all measures model shown in Table 2 is derived, as are all factor models in this article, from an analysis using standardized variables. The pattern demonstrated in another run with unstandardized variables was substantively the same, which would be expected with variables not having widely discrepant variances. The all measures factor solution accounts for 90 percent of the variance contained in the 31 underlying measures. A scree plot raised the issue of adding a fourth factor to the solution, but the additional variance associated explained by a fourth factor was negligible (< 3 percent) and on examination its loadings were uninterpretable without even one variable having a strong and exclusive loading. On this basis a solution including more than three factors was rejected. Overall, the factor pattern provides evidence to support the existence of asthma care, immunization, and and a third factor that represents four different categories of care (diabetes, mental health, women's health, and coronary care). The three factors are labeled in Table 2 as Four Categories, Immunizations, and Asthma. The fact that so many categories of care were loading on a single factor was taken as a promising indication that the intended research strategy employing subscales would work as hoped.
In accord with the plan of research, factor analysis was performed by categories of care to examine whether measures whose subject matter is identical hang together in ways indicative of disease-specific or treatment-specific scales. Table  3 summarizes the results of eight different factor model estimates, displaying the loadings for a single-factor solution on the variables included in a given category of care model. Table 3 displays the proportion of total variance explained by each category of care factor solution and also the Cronbach's (1951) alpha statistics for the summated category of care scales that were created based on the factor analyses results obtained.
Sets of variables defined by categories of care turned out with minor and easily handled exceptions to lead to factor analyses that pointed to persuasive single factor solutions with strong loadings of comparable magnitude on most variables included in each set of estimating variables. The only set of variables that did not lead to a clear single factor solution was the battery of measures for mental health. The results of an analysis on all mental health variables pointed clearly to a two-factor solution, one defined by depression care and the other defined by followup after hospitalization. The implication of this result seemed to be to allocate these variables to separate factor models; thus, the loadings for these variables in Table 3 reflect the single factor solutions for the two different mental health factor models that were then implemented.
The proportion of variance reported by the SAS ® algorithms that estimated the factor models frequently reported that the models as estimated explained more than 100 percent of the variance contained in the included items. In part this reflects the high correlation among measures and in part this reflects the possibility inherent in factor analysis models of extracting factors that explain either negative or positive shares of the variance contained within the correlation matrix used by the estimating algorithm, subject to the requirement that the variance explained by all factors sums to 100 percent (Hatcher, 1994) . When this occurred, the proportion of variance explained was reported (Table  3) as simply 100 percent.
The fact that loadings within each given category of care tended to have broadly similar magnitudes may be interpreted as evidence that construction of summated scales is warranted. A summated scale was constructed for each of the categories of care (Table 3) . With two exceptions satisfactory alpha coefficients were obtained using for each category of care all of the variables associated with the category of care. For coronary care and mental health II (depression care), the internal consistency of the summated scale could be substantially improved by excluding the variable with the smallest loading. In each case the magnitude of the outlier loading was substantially smaller than the loadings for the rest of the variables, and exclusion was consistent with the theory of summated scale construction. The alpha coefficients for coronary care and mental health II (Table 3) are for the summated scales that exclude the variable that had the lowest loading in the estimate for the corresponding factor model. Six out of the eight category of care scales have internal consistency scores equal to 0.86 or better and two of the scales yielded high alpha coefficients substantially exceeding 0.90. Only one of the scales for coronary care, has a minimally acceptable alpha coefficient (Table 3) . Four alternative factor models were then estimated using the summated category of care scales created in the previous phase of the research and alternative summated composite scales were created for the set of variables in each model. In every case there was a clear single factor solution. The single factor loadings for each of the four different composite factor models appear in Table 4 . In every model the single factor solution explains virtually all variance in the included items. Loadings on the scales for asthma care and mental health II were pronouncedly smaller in magnitude than those for the other scales. Unsurprisingly, removal of those items from composite models improved the internal consistency of the summated composite constructed from the remaining category of care scales.
Finally, a summated HEDIS ® composite scale created from six category of care scales (Table 4) was used as the dependent variable in a regression that used CAHPS ® composites as regressors (Table  5 ). The regression was significant and the adjusted R-squared statistic was 0.36. Coefficients on all variables were statistically significant or close to statistically significant. The coefficients for the physician communication and staff courtesy variables had negative signs. This suggests an interesting question bearing on the validity of CAHPS ® results as quality measures: whether social circumstances of care that are perceived positively by patients are necessarily indicators of good medical care. However, the many positive coefficients in the regression and the statistical significance of all coefficients are sufficient to conclude that there is strong external evidence that the six category HEDIS ® scale is a measure of the quality of medical care in the reporting health plans. In particular, the regression results provide reassurance that performance on the aggregate quality scale is not simply an artifact of which HMOs have good recordkeeping systems.
diSCuSSion
The results reported in this article are consistent with measurement theory. Reliable scales were constructed around Although it would be desirable to have a unidimensional scale that incorporated still more categories of care, the breadth of the scale that has been developed may plausibly be seen as a measure of quality at an organizational level. Nevertheless, it is important to acknowledge significant limitations in the results obtained and a need for caution in how these results are used. First, this was an exploratory study on a single year of crosssectional quality data for a single type of insured population. It is unknown whether the results will remain robust when the approach is used with additional years of quality data and for Medicare and Medicaid HMOs as well as for the commercial HMOs represented in this study. With new data a formal confirmatory factor analysis model should be evaluated, and because second-order factor models are difficult to identify econometrically, applied studies that incorporate quality scales within larger models could also provide important insight into whether the scales appear to add a plausible quality dimension (McArdle, 1980; Hershberger, 1994; Kline, 2005) . For example, a composite HEDIS ® scale (or category of care scales) could be included in a risk-adjustment model or other model of HMO economic behavior.
A second limitation on the substantive results obtained is the matter of missing data. No study of the measurement properties of HEDIS ® measures has implemented a fully satisfactory solution to the missing data problem. The MAR assumption behind the multiple imputation methods implemented here is questionable: It is difficult to believe that in all cases the failure of an HMO to report a particular score had nothing to do with the level of the unreported score. Fortunately, the external validity regression provides tangible evidence that the composite HEDIS ® scale is measuring something real despite the problematic nature of the MAR assumption. An actual program affecting payments to plans could not implement any kind of composite measure that relied on imputed data. It is to be hoped that the problem of missing data will disappear as HMOs become more and more accustomed to annual collection of HEDIS ® data and purchasers of HMO services become more insistent that the data be thoroughly reported.
In light of the research limitations that have been discussed the immediate usefulness of the scales developed here is limited. Certainly, the scales as they have been developed could be helpful as guides to HMOs on needed quality improvement, particularly the category of care scales. Beyond that possible application, the most immediate use of the scaling results is as a basis for further research to test and hopefully validate the approach. If the modeling approach implemented here in an exploratory way can be confirmed on a more substantial body of quality data, then the results would provide essential information needed for practical development of a pay-for-performance payment system for HMOs. Additional composite quality scaling research might also lead to refinements in the underlying components of aggregate scales, such as their relative weighting. More generally, if these methods can be broadly validated, they might be applied to the problem of physician performance measurement using the battery of physician-level process measures that NCQA is currently promulgating. Although the results achieved here have limitations, they should be encouraging to policymakers and to institutions like CMS that are endeavoring to build the technical infrastructure needed to make pay-for-performance in health care a reality. The overarching message is that aggregate quality measures that would greatly facilitate the development of payfor-performance payment systems may be practically feasible.
Much effort and expense have been expended developing the HEDIS ® performance measurement system, but up until now evidence has been meager that multiple discrete HEDIS ® measures can be assembled into a plausible organizationlevel composite measure of health care quality. The methods used in this study demonstrate that HEDIS ® measures may carry information relevant both to the specific care contexts in which they arise and more generally to output quality at the organizational level. That the HEDIS ® -based composite quality scale is highly correlated with composites in the CAHPS ® consumer satisfaction survey provides important evidence of external validity, but also suggests the possibility of regularly using such methods as a check on the ongoing validity of both measurement systems. As policymakers become more determined to pay providers based on their performance, solutions to the problem of health care quality measurement are urgently needed. The results obtained here should encourage researchers and institutions that sponsor research to focus more attention on development and testing of aggregate health care quality scales.
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